Air carriers and aircraft manufacturers are investing in technologies and strategies to reduce fuel consumption and associated emissions. This chapter reviews related issues to assess airline fuel efficiency and offers various empirical evidences from our recent work that focuses on the U.S. domestic passenger air transportation system. We begin with a general presentation of four methods (ratio-based, deterministic frontier, stochastic frontier, and data envelopment analysis) and three perspectives for assessing airline fuel efficiencies, the latter covering consideration of only mainline carrier operations, mainline-subsidiary relations, and airline routing circuity. Airline fuel efficiency results in the short run, in particular the correlations of the results from using different methods and considering different perspectives, are discussed. For the long-term efficiency, we present the development of a stochastic frontier model to investigate individual airline fuel efficiency and system overall evolution between 1990 and 2012. Insight about the association of fuel efficiency with market entry, exit, and airline mergers are also obtained.
Introduction
Fuel is a major cost component in the airline industry. In mid-2015, the time of this writing, it accounted for roughly one third of an airline's operating costs in the U.S. Aviation jet fuel prices remained relatively stable at $3.00/gallon from 2012 until the last quarter of 2014, when the fuel price plunged to $1.50/gallon, mitigating the financial strain that persisted in the airline industry over the past several years (EIA, 2015a). However, the low fuel price is not expected to persist. For example, the U.S. Energy Information Administration predicts that jet fuel price will increase from $1.79/gallon in 2015 to $2.23/gallon in 2016 (EIA, 2015b).
Aircraft fuel is closely related to emissions of CO2 and other gases that cause climate change (Zou et al., 2013; Soler et al., 2014) , and the airline industry has been under growing pressure to cut its climate change impact. If counted as a country, global aviation would have ranked seventh in terms of CO2 emissions in 2011, just after Germany and well above Korea. Moreover, global aviation CO2 emissions are projected to triple by 2050 under business-as-usual scenarios (Kwan and Rutherford, 2014) . U.S. domestic and international flights account for about 35% of global commercial aviation-induced CO2 emissions (Environmental Protection Agency, 2008). The U.S. Federal Aviation Administration (FAA) forecasts that fuel consumption for the U.S. will increase at an average rate of 2% per year over the next 20 years, increasing from 18.3 billion gallons (179 million metric tons (MMT) of CO2) in 2014 to about 26.2 billion gallons (257 MMT CO2) by 2034 (FAA, 2014 ).
An alternative view of airline production is to use flight departures (dep) instead of RPM/RTM, on the ground that flight departures are another measure of airline production output. The corresponding fuel efficiency measure is fuel/dep. While RPM/RTM and dep are often highly correlated, they represent different dimensions of airline production output. RPM/RTM measures the level of mobility provided by an airline to passengers; dep represents the extent of accessibility offered, or the ability to reach desired goods, services, and activities (Litman, 2011) . This is because each flight departure, like the stop of a bus or a train, affords an opportunity for passengers to embark or disembark.
An obvious question arises as to which output measure should be considered as output for measuring airline fuel efficiency. The answer depends on which dimension of output (mobility or accessibility) is the focus of the evaluation. Without a priori preferences, a measure that covers both mobility and accessibility dimensions of airline output is desired. To the extent that an airline reduces fuel use by flying non-stop for long distances, thus limiting the ability of customers to board and alight from its vehicles, only using RPM/RTM will yield a distorted measure of the airline's fuel efficiency (Zeinali et al., 2013) . Similarly, fuel efficiency ratios only considering dep as the output would fail to capture the mobility aspects of airline services. Two airlines with the same departures, one connecting distant markets and the other servicing close-by cities, would be viewed as producing the same amount of output in terms of dep. Yet it is obvious that the first carrier burns more fuel, everything else being equal. In reality, however, there is often a high correlation between RPM/RTM and the number of flight departures produced.
Frontier approaches
Frontier approaches can be used to define a fuel efficiency metric that accounts for both mobility and accessibility aspects of output. As implied by the name, measurement of fuel efficiency relies on constructing a fuel consumption frontier, which defines the minimum fuel to provide a certain amount of output, as determined by RPM/RTM and flight departures. For simplicity, in the remaining of Section 2 we consider RPM as the airline mobility output. A general fuel consumption model can be expressed as
where subscript denotes a specific airline and the time period.  is a non-negative deviation term. 2 2 In some cases, the deviation term can enter the fuel consumption model in alternative forms, such as an exponential multiplier of the frontier, i.e., ) exp( ) , (
. This is seen later in Equation (2) .
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The concept of a frontier is illustrated in Figure 1 , where for simplicity only one output is considered. The solid curve represents the fuel consumption frontier, constructed based on four observations (data points). Because the frontier is identified based upon the minimum fuel consumption observed for a given level of output, data points below the frontier will be unrealizable. Point C lies on the curve, denoting the corresponding observation fuel consumption behavior is efficient. Other observations above the frontier curve (A, B, D) represent the cases in which fuel use does not achieve the most efficient level. The extent of inefficiency for any of these points is calculated as
, which equals the ratio of two ordinates: the ordinate of the observation (actual fuel burn) and that of the intersection point of the corresponding vertical line with the frontier (efficient fuel burn), e.g., ||BB''||/||B'B''|| for observation B. 
Deterministic frontier approach
The deterministic frontier approach assumes that the frontier part of the fuel consumption model in Equation (1),
, can be deterministically characterized. Under the usual assumption that the frontier follows a log-linear form, the fuel consumption model can be specified as:
To estimate the unknown coefficients
, the Corrected Ordinary Least Square (COLS) method is used, in two steps (Kumbhakar and Lovell, 2003) . The first step applies OLS to obtain estimates of the two slopes 1  and 2  , and an initial intercept 0   . We calculate OLS residuals it ˆ for each observation. In the second step, 0   is shifted downwards until it becomes 0  , in which no residual is negative and at least one is zero. Thus,
and the estimated inefficiency for airline i at time t is calculated as
It can be seen that the deterministic frontier approach attributes deviations of the observed fuel consumption from the frontier solely to inefficiency in airlines' fuel usage. From Equation (2) . Essentially, the deterministic frontier can be viewed as a ratio-based approach, with the denominator being an empirically estimated combination of mobility and accessibility outputs.
Stochastic frontier approach
The deterministic frontier simplifies the assumptions about the factors influencing variations in airline fuel efficiency, in that the source of fuel efficiency encapsulates all fuel burn variations not associated with RPM and dep. The stochastic frontier accounts for the effect of random shocks due to uncontrollable factors (e.g., weather and plain luck) and measurement error, distinguishing them from airlines' true variation in fuel efficiency. This is done by adding an idiosyncratic error term (or "random noise"), it v , to Equation (2):
The corresponding fuel consumption frontier is
, which due to the introduction of it v becomes stochastic.
In order to estimate the stochastic frontier model, some distributional assumptions about it v and it u need to be made: 1) it v 's have identically and independently normal distributions, i.e.,
u 's follow some non-negative identically and independent distribution, such as the half-normal distribution; 3) it u and it v are independently distributed. The non-negativity ensures that actual fuel consumption is always no less than the corresponding fuel consumption on the frontier. On the other hand, identical distributions across it u 's can be restrictive given the quite diverse operational environments that airlines face. A more flexible approach assumes that it u 's are independently but not identically distributed as non-negative truncations of a general normal distribution:
where  's and 2 u  are the efficiency parameters to be estimated. z's are environmental variables characterizing the heterogeneity of the mean of efficiency distributions. In the airline fuel efficiency context, the heterogeneity comes from different operational environments as reflected by the average stage length, aircraft size, and aircraft load factor. u E  as a point estimator of the fuel efficiency for each observation (Battese and Coelli, 1993; Battese et al., 2000) .
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Data Envelopment Analysis approach
Different from the deterministic and stochastic frontier approaches, Data Envelopment Analysis (DEA) is a non-parametric, linear programming based method. DEA computes the ratio between the weighted sum of multiple outputs and the weighted sum of multiple inputs. Similar to the frontier approaches, an advantage of DEA over the ratio-based method is that DEA can accommodate the presence of multiple outputs in efficiency measurement. The weights are assigned such that the ratio of the observation under consideration (called Decision Making Unit, or DMU) is maximized, subject to the constraints that DMUs using the same weights always have ratios between 0 and 1. In evaluating the efficiency for each observation (DMU), a different set of efficient DMUs will be identified. This is different from the deterministic and stochastic frontier approaches. We refer readers to Cooper et al. (2007) for further details about DEA models.
The typical application of DEA to airline studies is to investigate the overall productive efficiency.
In such cases, inputs may include fuel, labor, capital, and materials, while outputs might be RPM and dep. There can be, however, an alternative specification that is consistent with the frontier models in Subsections 2.2.1 and 2.2.2: while keeping both outputs only fuel is considered as the sole input. This specification is first proposed by , who argues that doing so eliminates input slacks, thereby precluding the possibility of hiding poor/wasteful utilization of the input resource, as is often the case in DEA models with multiple inputs. Under the assumptions of constant and variable returns to scale (CRS and VRS), the input-oriented linear programming formulations are shown for CRS in (5) and VRS in (6) .
where X and Y are inputs and outputs: X = (xj) and Y =(yj), for =1,…, . is the total number of DMUs and subscript j is used to denote observations. 3 In our application xj = fuelj and yj = (RPMj, depj). Subscript 0 denotes the DMU under evaluation. is a row vector with all elements being unity. The decision variables are ∈ ℝ 1 and = (λ 1 , … , λ ) T ∈ ℝ n for both the CRS (5) and VRS (6) formulations. The only difference between (5) and (6) is that (6) has an additional constraint, = 1, which limits the ways in which the observations for the DMUs can be combined. Therefore, the feasible region under VRS is a subset of the feasible region of the corresponding CRS model, and the optimal value of in (5) is always no greater than that in (6) . Note that is the ratio of the weighted sum of RPM and dep over fuel consumption. We solve for for each DMU. In order to be consistent with the fuel efficiency measure in the previous methods, the fuel inefficiency scores are 1⁄ for each DMU. 3 For simplicity we use a single subscript j instead of two subscripts i and t to denote observations. To appear as a book chapter in Advances in Airline Economics, edited by Peoples, J. and Bitzan, J., Emerald Group Publishing, 2016.
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Recent Trends in US airline fuel efficiency
In this section, we present applications of the above fuel efficiency assessment methods to the U.S. domestic operations in the recent past. We first consider mainline airlines. The operations of these airlines account for a bulk of the system total. A unique feature in the U.S. domestic system is that those mainline carriers also subcontract part of their services, especially on thinner routes, to smaller, regional affiliated carriers. Such services are still branded under the corresponding major carrier. Therefore, it may be important to account for the regional affiliates while quantifying the overall efficiency of branded services provided by a major carrier. In addition, the hub-and-spoke system, which is prevalent in the U.S., implies excess fuel consumption as aircraft take air travelers to intermediate hubs before reaching their final destinations. The resulting route circuity reduces fuel efficiency if output is measured in terms of the distances between passengers' origins and destinations. The effect of routing circuity on fuel efficiency will also be presented here. This allows us to compare efficiency results that account for the use of regional carriers and indirect routings with results when these factors are not considered. Using the deterministic frontier method as an example, the last part of this section presents an investigation of the short-term fuel efficiency changes since 2010.
Three perspectives on airline fuel efficiency
Considering mainline carriers only
The first step to assess mainline carrier fuel efficiency is to identify the mainline carriers, which is based on two criteria. The first is the size. We choose a minimum of 500,000 domestic enplanements as the cutoff point. In 2013, 31 U.S. carriers met this threshold. The second criterion is based on average aircraft size for domestic operations in 2013. As shown in Figure 2 , there is a clear demarcation between Jet Blue and Republic Airlines. Only those carriers on the left side, whose fleet consists of mainly narrow-and wide-body jets, will be considered as candidates for mainline carriers. In 2013, there were 13 airlines identified as mainline carriers satisfying both criteria. The selected mainline carriers operate predominately passenger flights, with only a small fraction dedicated to cargo.
Source: Data Base Products (2014) 
Seats
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Mainline-sub carrier composition
Many mainline carriers rely on their regional affiliates to provide services, especially from smaller airports to the hub airports of the mainline carriers. Regional affiliations generally fall into one of three categories: (1) a regional carrier that is fully owned or controlled by a mainline operator and serves only that mainline; (2) a regional airline that, although an independent company, contracts with a single mainline; or (3) a regional operator that is independent and contracts with multiple mainlines. Knowledge about the type of relationship between affiliate and mainline carriers enables us to assign regional carrier operations to the appropriate mainline carrier(s).
Regional affiliates' operations are incorporated into the analysis through the apportionment of their RPMs, departures, and fuel to corresponding mainline carriers. We use the BTS Airline Origin and Destination Survey (DB1B) data, which is a 10% sample of passenger itineraries, and provides information on both market carriers (i.e., seller), operating carriers, passenger counts, and itinerary distance, among others, for each OD pair. Using this sample data, we calculate the percentage breakdown of RPMs flown for the mainline carrier(s) for each regional affiliate. The RPMs flown by each regional affiliate are assigned to mainline carrier(s) by applying the percentage breakdown to the regional affiliates' reported RPMs. For a few network legacy carriers such as Delta, United, and US Airways, the regional affiliates fly about 20% of their total RPMs (Table 1 ). In contrast, other airlines, which are generally younger, low cost carriers such as Southwest, Virgin America, JetBlue, Allegiant, and Spirit, have no regional carrier affiliations. Due to the lack of relevant data, we assume the assignment of regional carrier departures and fuel to mainline carriers to be proportional to the RPM assignment. The resulting adjusted RPM, departures, and fuels values are then used in the various fuel efficiency assessment models.
Routing circuity
A considerable portion of passengers make connections at an intermediate hub airport in their trips. From the airlines' perspective, more fuel burn will result from circuitous routes and additional takeoffs and landings. If the focus is on fuel efficiency in terms of transporting passengers from their true origins to true destinations, then airlines operating more direct routes should be rewarded as opposed to those flying connecting, more circuitous itineraries. We introduce the following circuity measure to capture the excess amount of distance traveled from passengers' true origin airports to their final destination airports, as compared to the non-stop, great circle distance (GCD) routes. For a passenger, his/her itinerary circuity is equal to 1 when the journey is direct and greater than 1 otherwise. 4 The itinerary distance and the GCD between the origin and destination airports for each passenger are collected and aggregated over all passengers taking a mainline airline (and its affiliate(s)), to come up with the mainline airline-specific circuity: miles passenger GCD total flown miles itinerary passenger total  Circuity (4) Using the calculated airline circuity measure, a new output metric, revenue passenger OD miles (RPODM) which incorporates the routing circuity effect, is introduced in place of RPM in the fuel efficiency assessment:
Given that two airlines have the same fuel consumption and RPMs, the airline with more circuitous routing is then penalized by having a lower RPODM output, crediting airlines by flying passengers more directly between passengers' intended origins and destinations.
Correlation of various airline efficiency results
With the four different frontier methods applied and the three perspectives of considering mainlineonly, mainline-regional affiliates, and routing circuity, there will be a combination of 12 (4×3) airline fuel efficiency estimates. While having a comprehensive comparison among these estimates is beyond the scope of this chapter, in this subsection we selectively present our previous correlation analysis results on how the efficiency estimates are correlated. More detailed analysis can be found in Zou et al. (2014) . Table 2 presents the pair-wise Pearson correlation and Spearman rank correlation coefficients for the inefficiency scores obtained from applying the ratio-based, deterministic frontier, stochastic frontier, and variable returns to scale (VRS) DEA models to the U.S. mainline carriers only in 2010. Overall, the efficiency results from different methods are in good agreement. The highest degree of agreement occurs between the deterministic and stochastic frontier approaches, and the ratiobased approach seems to have least agreement with the other three methods. This is not surprising, as the ratio-based approach only include one output (in Table 2 , it is RPM), whereas both RPM and dep are considered as outputs in the other methods. Indeed, the strong correlations among the efficiency scores from the last three methods suggest the robustness of the fuel efficiency findings to different methods used. For many mainline airlines, regional affiliates account for a small portion of the mainline-regional combined operations. As a consequence, we do not expect substantial changes in fuel efficiency when regional affiliates are taken into consideration. In addition, empirical data show that while some mainline airlines choose hub-and-spoke operations, the itineraries are indeed judiciously designed, resulting in small overall network routing circuity. For example, the highest routing circuity among the mainline carriers in 2010, which occurred to US Airways, is only 1.068 . This suggests that considering RPODM instead of RPM will not yield significantly To appear as a book chapter in Advances in Airline Economics, edited by Peoples, J. and Bitzan, J., Emerald Group Publishing, 2016.
12 different efficiency results, as is confirmed by the efficiency correlation results in our previous study ). To further demonstrate this, Table 3 reports the airline fuel efficiency ranking considering mainlines only, mainline-regional affiliates, and routing circuity in 2013, using the deterministic frontier approach. It is clear that only minor ranking shifts exist across the three cases. 
Short-term dynamics of airline fuel efficiency
This subsection provides a picture of the short-term airline fuel efficiency dynamics among mainline carriers in the U.S., using the deterministic frontier model as an example. While one may also use other methods to perform such analysis, the preceding discussions have shown a high degree of agreement among the efficiency results from adopting different methods (especially the frontier and DEA methods). The following ranking results in Table 4 are obtained by developing a fuel efficiency frontier each year from 2010 to 2013. The last column shows the excess fuel burn in 2013 for a given airline compared to the most efficient one, while producing the same amount of outputs. The model consider both regional affiliate operations and routing circuity. The relative efficiency of fuel use remains rather stable during the study period, despite slight fluctuations of rankings for some airlines, mostly within a couple of places. Overall, the large, legacy carriers (e.g., American, Delta, United) remained in the middle or lower rungs of the airline efficiency ladder. Alaska and Spirit were the most fuel-efficient airlines; American and Allegiant were the two least fuel-efficient airlines from 2010-2013. The fuel efficiency gap between the best (Alaska) and worst performing (American) airline was roughly 27% in 2013, and this gap keeps stable over the four-year period. Alaska and Spirit had very fuel-efficient fleets and efficient operational practices (e.g., higher seating densities and load factors). In 2013, Alaska flew an increasing percentage of its RPMs on Boeing 737-800 and 737-900 aircraft, and its regional flights on fuel-efficient Dash 8 turboprop aircraft via its affiliate partner Horizon Air. Spirit made aircraft improvements through the use of new A320s with Sharklets, which can reduce fuel by up to 4%. A typical Spirit A320 aircraft carried up to 36 more people on a flight than on a similar aircraft flow by its rivals, and flew 34% more passenger miles per pound of fuel. Both Alaska and Spirit had relatively young fleets and flew with passenger load factors averaging over 85%. All these contributed to the top fuel efficiency of the two airlines.
Frontier leapfrogged Southwest and Hawaiian to tie for first with a 10% fuel efficiency improvement from 2012 to 2013. In 2012, Indigo Partners, a private equity and venture capital firm, purchased Frontier and has been transforming the airline into an ultra-low-cost carrier, leading to significant changes in its fare structure and flight operations. Frontier reduced its total flights by about 33% as well as its regional affiliate operations from 14% of its total RPMs in 2012 to only 3% in 2013. Moreover, Frontier's load factor improved to 91%, the highest on U.S. domestic operations, thereby transporting more passengers on an average flight. Since 2011, it also began to phase out its less efficient Airbus A318 aircraft, for larger A319 and A320 aircraft.
On the other end of the fuel efficiency spectrum, Allegiant and American tied in 2012 for having the least-efficient U.S. domestic operations. Since then Allegiant has made significant improvements, while American's fuel efficiency continues to stagnate. Though still flying a majority of its flights on older MD-80 aircraft, Allegiant has been adding second-hand Boeing 757-200, Airbus A320 and A319 aircraft to its fleet starting from 2011, for higher capacity and longer range. The average flight flown by Allegiant in 2013 was 7% larger (12 more seats on average) with a 6% higher seating density than in 2012. For American, although it has been flying a greater proportion of its RPMs on Boeing 737-800's rather than on older MD-80 aircraft, it still has the third oldest fleet (after Allegiant and Delta).
Other notable airlines include Hawaiian, whose relative fuel efficiency has slipped in recent years as other airlines continue to improve. In 2013, Hawaiian made changes to its flight operations including flying almost 50% of its RPMs on newer A330-200 aircraft (introduced in 2010) and 42% on older Boeing 767-300ER aircraft, as compared to 37% on A330-200 and 54% on B767-300ER aircraft in 2012. However, the greater use of A330-200 aircraft does not seem to be sufficient in improving the airline's overall fuel efficiency. Southwest shifted down to the fourth as Frontier moved up to the third in 2013, although Southwest continued to make some efficiency improvements even after its merger with much less efficient AirTran Airways in 2012.
Long-term US airline fuel efficiency trend, 1991-2012
So far our discussions on airline fuel efficiency have been focused on the recent past. For policy making purposes, it is of equivalent or even more interest to assess the fuel consumption behavior over a longer time horizon. Taking advantage of a publically available dataset documenting airline operations and fuel consumption, this section demonstrates the development of stochastic frontier models to quantify the evolution of fuel efficiency among a larger, more inclusive set of airlines in the U.S. domestic system over the past two decades.
Model specification
Here we present a more complex fuel consumption model than in the short-term case. We consider a Translog functional form between fuel consumption and its explanatory variables. Based on the production theory in microeconomics, the requirement for an input for a firm (airline) generallyin our case fuel-depends on how many outputs to produce, as well as the unit price of the input itself as well as other inputs (labor, capital and materials), the latter due to potential substitution among inputs. Under the Translog functional form, the explanatory variables in the fuel consumption function include the first-and second-order terms for production output, input prices, and their interactive terms. The Translog function, specified below, has the advantage of being flexible to approximate arbitrary airline fuel consumption behavior: u . All variables in the frontier part are de-meaned. Therefore, Equation (6) can be viewed as a second-order Taylor expansion around the sample average to approximate the true fuel consumption function.
The assumptions about it v and it u follow those in Subsection 2.2.2. In particular, cross-carrier differences in fuel use inefficiency are attributable to the different airline business models, operating environments, and management practices; temporal heterogeneity in fuel efficiency can be the result of technological changes, seasonal variations in operation, and shocks caused by particular events. To provide a more flexible pattern to capture airline fuel efficiency, we consider it u 's to be independently but not identically distributed as non-negative truncations of a general normal distribution:
Similar to before, it z is a vector of airline operational characteristics and time-related variables; δ and 2 u  are the parameters to be estimated. It is clear that the mean of the efficiency distribution will have an influence on the "distance" between an airline's actual fuel consumption and the best practice frontier. Here we include in z the average load factor ( LF ), average stage length ( SL ), average aircraft size ( GAUGE ), and two dummy variables denoting whether the observation appears after the 9/11 terrorism attack ( 
Again, parameters in Equation (6) and (8) 
Data
As before, we focus on domestic operations of large US jet operators whose average aircraft size is above 100 seats. Since the objective is to investigate the long-term fuel efficiency of airlines, including as many years as possible is desired. We consider a period of over two decades-from the first quarter of 1991 to the third quarter of 2012-the maximum time span during which we could access relevant airline information (by airline-quarter) from the US Bureau of Transportation Statistics (BTS) Online Data Library when this study was conducted.
Besides fuel consumption, here we consider RTM to represent production output in the long-term stochastic frontier model. The two primary reasons for only having RTM as output are: 1) model simplicity, since the Translog specification with RTM already implies many terms and coefficients to be estimated; and 2) high correlation between RTM and dep in the dataset (correlation coefficient 0.84). Nonetheless, we could alternatively include both RTM and dep as outputs. The prices of the three inputs are calculated as follows. Fuel and labor prices are calculated using fuel expenses per gallon and labor expense per full time equivalent employee for each quarter. We follow the spirit of Goh and Young (2006) and Merkert and Hensher (2011) and use total Available Ton Miles (ATM) as a proxy for capital. Capital expenses consist of rental, depreciation, and amortization costs. Materials cost is the catch-all cost (Oum and Yu, 1998), and includes expenses related to the purchase of materials and services, landing fees, and all other remaining cost items. Capitalmaterials price is then the sum of capital and materials costs divided by ATM. We consider American, Alaska, Continental, Delta, Hawaiian, Northwest, United, and US Airways as legacy carriers, and the post-911 period as starting from the fourth quarter of 2001.
The dataset is an unbalanced panel as the period of interest witnessed a number of airline exits, acquisitions, and mergers. In addition, some carriers with small sizes do not regularly report their full operational and financial data to BTS. To mitigate the potential issue of erroneous data To appear as a book chapter in Advances in Airline Economics, edited by Peoples, J. and Bitzan, J., Emerald Group Publishing, 2016.
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reporting, airlines with fewer than four complete observations are removed from the dataset. The final dataset for subsequent model estimation contains 907 airline-quarter observations. Table 5 lists the airlines, their types, status, and the corresponding time periods included in our dataset. The reported airline-quarter pairs account for the bulk of RTM services provided in the US domestic air transportation system-over 80% in most periods. Understanding fuel efficiency of these airlines, therefore, will provide a fairly good picture of the overall fuel consumption behavior in the entire system.
Because of the long-term nature of the analysis, the available data do not allow for tracking the airline-regional affiliate relationships or the routing circuity of airlines over the entire horizon. Therefore, the subsequent analysis deals with mainline only case. 
Model estimation results
The MLE results for Equations (6) and (8) are displayed under Model 1 in Table 6 . For the frontier, most of the first-order coefficients, which indicate the sensitivity of fuel input demand to various regressors at the sample mean, are significant and have expected signs. The coefficient for RTM is 0.98-almost equal to one, suggesting that fuel demand is proportional to output. This result is consistent with the constant returns-to-scale (RTS) findings in the airline cost modeling literature (e.g., Gillen et al., 1990; Hansen et al., 2001; Zou and Hansen, 2012) . The first-order coefficients for inputs prices represent the own and cross elasticities of fuel demand, at the sample average. The own price elasticity is about -0.05, which suggests that a 10 percent increase in fuel price would cause fuel demand to drop by 0.5 percent. The coefficient for labor price is positive but insignificant, which reflects the limited possibilities for substitution between the two inputs. As pointed out by Banker and Johnston (1993), once managerial choices-which include those pertaining to aircraft, network configuration, hub concentration, and flight frequency-have been made, opportunities for direct substitution between labor and fuel is very limited. On the contrary, we observe a positive, highly significant coefficient for the capital-materials price variable, which corroborates the conventional wisdom on the substitution possibilities between fuel and capital-materials. For example, an airline might be more inclined to preserve its older fleet if purchasing/leasing new aircraft becomes more expensive. The coefficient implies that, if capital-materials price was increased by 10%, fuel demand would rise by 0.8% at the sample average. Number of observations 907 907 *** Significant at 1% level; ** Significant at 5% level; * Significant at 10% level.
Several second order coefficients which are statistically significant on the frontier part are also worth noticing. The positive coefficient for [ln(RTM)] 2 suggests that, as the output of an airline's operation increases, fuel demand becomes more sensitive to the output. This may be due to the fact that larger operation scales often correlate with more complex service networks and operations, which are likely to result in additional fuel burn. In addition, we observe a negative coefficient for the interaction term between fuel and capital-materials prices. This implies that, ceteris paribus, airlines' demand for fuel seems more sensitive to fuel price when they face a higher capitalmaterials price. Finally, with both labor and capital-materials being substitutes for the fuel input, an airline would be, understandably, more inclined to substitute capital-materials for fuel if labor becomes more expensive (and vice versa), as is evidenced by the positive sign of the ln(Labor price)*ln(Capital-materials price) coefficient.
Turning now to the efficiency coefficients, we observe that all three operating environment variables, load factor, stage length, and gauge, have negative, highly significant coefficients. Before delving into the specific coefficients, it is important to recall RPM = (Flight departures) * (Stage length) * (Gauge) * (Load factor), which denotes an intrinsic relationship in the airline production process. While we use RTM instead of RPM in estimating the model, the airlines considered in the present study are all passenger service focused, so the two variables are virtually collinear. Consequently, when we use RTM instead of RPM the above relationship should still hold so long as we add the appropriate multiplier. Holding RTM, stage length, and gauge constant, an increase in load factor is associated with a reduction in flight departures, which are perceived as more fuel demanding because of the takeoff/landing cycles involved. Higher load factor also means flying fuller planes, which make operations more fuel efficient in producing the same amount of RTMs. Both aspects contribute to the negative sign for the load factor coefficient. Economies of stage length and aircraft size have been widely recognized in aircraft economics (Wei and Hansen, 2003; Givoni and Rietveld, 2009; Ryerson and Hansen, 2013) , which, together with concurrent reduction in flight departures, explain the negative signs for the stage length and gauge coefficients. The negative signs for the stage length and gauge coefficient are, in a broad sense, consistent with the findings in Coelli et al. (1999) , who argue that firms with low density networks (i.e. larger aircraft size and longer stage length) benefit from a more favorable environment and therefore performs better. In terms of the magnitude, it is not surprising that efficiency is mostly sensitive to load factor, which directly affects aircraft payload. The larger coefficient (in absolute value) for gauge as compared to stage length may further suggest greater economies of aircraft size than economies of stage length. 6 The efficiency estimates also reveal that legacy carriers tend to be less fuel efficient than their nonlegacy counterparts, perhaps because of production processes that were developed in an era of lower fuel prices. It also appears that fuel efficiency increases after the 9/11 terrorism attack. This led to a substantial decline in air travel demand and has also hastened the reorganization of the US airline industry. Many airlines, which either had long-standing financial issues before 9/11 or over-expanded during the better economic climate of the 1990s, were forced to tighten their belts, grounding planes, and even filing for bankruptcy (Logan, 2013) . The aircraft they ceased operating would be older, less fuel efficient ones. The result of this restructuring appears to be improved fuel efficiency. The time trend coefficient clearly indicates that fuel efficiency continues to improve over time due to technological advances, including improvement in engine efficiency, airframe materials and design, and air traffic management. However, it is difficult to discern the exact extent using the coefficient estimates because the time trend variable enters the mean of an inefficiency term, which follows a truncated normal distribution. More quantitative evaluation of the efficiency improvement over time will be deferred to Subsection 4.4. Seasonal variation does not seem to affect efficiency, as all three quarterly dummy coefficients turn out insignificant. A likelihood ratio also fails to reject the null hypothesis that
. We therefore re-estimate the frontier model without the seasonal dummies. The estimation results for the other terms, as shown in Table  6 under Model 2, remain largely invariant. Within the legacy carrier group, Hawaiian remains the most efficient airline almost over the entire time span, due to having the highest load factor (quarterly average 0.823) and largest aircraft size (quarterly average 242 seats) among legacy carriers. By contrast, Alaska was significantly less efficient than its peers, especially during the early 1990s, which may be attributed to its relatively low load factor (quarterly average 0.68) and small aircraft size (quarterly average 133 seats), in addition to its large, fuel inefficient Boeing 727 fleet in the early 1990s. The airline's fuel efficiency then progressively converges to the remaining airlines', which are more clustered, with the continuous retirement of Boeing 727s and MD-80s and the introduction of Boeing 737 Next Generation series (Flight International, 1990 Alaska Airlines, 2008) . In recent years, Alaska is among the most fuel-efficient airlines flying domestically in the U.S. (see Subsection 3.3). Similarly, US Airways' fuel efficiency had also undergone substantial improvement by replacing its older Boeing 727-100/200s with A320 series in the early 2000s (Planespotters, 2013a) .
Fuel efficiency assessment
To appear as a book chapter in Advances in Airline Economics, edited by Peoples, J. and Bitzan, J., Emerald Group Publishing, 2016. Figure 6 shows the results. Overall, the average annual efficiency improvement is around 2% among the legacy carriers, with the highest being Alaska with over 3%, and the lowest being American and United with an annual average 1.8% efficiency growth over this time period.
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These estimated fuel efficiency improvement rates are comparable with anecdotal evidence and other reported values: Airlines for America, a US airline advocacy group, argues that the industry has improved its fuel efficiency by 120% since 1978 (Trejos, 2013) ; United Airlines reports that it has used 32% less fuel since 1994 (Trejos, 2013) . In addition, a research report by InterVISTAS finds that industry fuel efficiency has improved by more than 70% over the last 40 years (InterVISTAS, 2013). The annual efficiency improvement rates implied by these estimates are 2.2%, 3.0%, and 3.8%, respectively. The International Panel on Climate Change (IPCC) states that historically, aircraft fuel efficiency improvement has averaged 1-2% per year (IPCC, 1999) . One should note that these estimates are associated with different time periods and possibly a nonuniform pace of technological change. In addition, the methodologies used to obtain the estimates are not specified. If they are based on simple metrics, such as fuel/RTM, discrepancies between prior efficiency improvement estimates and are to be expected. Kwan and Rutherford (2014) found that, with the notable exception of 2001 when U.S. aviation was disrupted by the 9/11 terrorist attacks, relatively large improvements in average fuel efficiency -49%, or about 2.4% annuallyhad occurred between 1993 and 2010. This is largely due to improvements in new aircraft efficiency and increasing load factors (Rutherford, 2014) . In contrast, the fuel efficiency of U.S. operations improved only 1.3% per year from 2010 to 2012. This is consistent with our decomposition of 7 Since we are concerned about annual efficiency improvement rates, those efficiencies are yearly averages. This period is associated with the introduction of regional jets into JetBlue's fleet. Nevertheless, for the two major non-legacy airlines, Southwest and America West, with longer operations history and more consistent reporting to BTS, our estimates show annual fuel efficiency improvements are around 2.2% and 2.5% respectively, in the same range as the values for legacy carriers. We also note that the efficiency improvements of both airlines are accompanied by a gradual retirement of Boeing 727s and a replacement of more fuel efficient Boeing 737 Next Generation series and A320 aircraft (Planespotters, 2013b ; America West Airlines History, 2013).
Further investigation: the relationship between fuel efficiency and market entry/exit and airline consolidation
In this section, we further examine the association of fuel efficiency with airline exit, acquisition, and merger behavior. While one may argue that new entries could also be relevant to fuel efficiency, we do not pursue that, because when an airline started reporting to BTS, it might have already been in operation for years. It is also possible that an airline simply adopted a new brand without discontinuing its service (but on BTS this airline would appear as a new one). On the other hand, although airline exit, acquisition, and merger decision making can be complicated and involve a variety of operational, financial, and marketing factors, our focus here is on the extent to which A m e r ic a n C o n t in e n t a l D e lt a H a w a ii a n U S A ir w a y s U n it e d airline fuel efficiency is associated with exit/acquisition/merger, during and before the decision period.
We note that three airlines included For the acquisition and merger cases, the years denote the time when the acquisitions and mergers were announced. In airline business reality, acquisitions and mergers are lengthy processes, spanning multiple years between the announcement and complete operational integration, during which two airlines involved in an acquisition/merger may still hold separate air operator certificates (AOCs) and report individually to BTS.
We introduce three dummy variables in the efficiency part of the frontier model: Exit, Acquisition, and Merger. We employ the Exit dummy if an airline ceased operation, and the Acquisition dummy if an airline was taken over by another bigger carrier. Each of the three mergers considered in the study involved two airlines of comparable size, and neither carrier in a merger held an overwhelmingly dominant position over the other. Consequently, the Merger dummy is employed for both airlines involved in a merger. Our hypothesis is that an airline which stopped operation or was acquired by another airline had less efficient fuel usage. By contrast, because a merger is primarily driven by integration of network and service between the two airlines to strengthen the combined presence and pricing power in the market, rather than operating cost and fuel efficiency concerns, we do not expect to see an association between the Merger dummy and fuel efficiency.
Cognizant that any improvement/deterioration of efficiency is gradual, and also the fact that separate data reporting of the acquired/merged airlines could continue for some time even after the announcement of an acquisition or merger, we consider a period rather than a time point while constructing the above dummy variables. Specifically, the Exit dummy equals one for an airline throughout a certain period prior to the last reporting quarter, and likewise for Acquisition and Merger dummies. Not clear to us, however, is the appropriate length of the period. We therefore experiment with 2, 3, 4, and 5 years as the period length. For example, the last data record for Carnival in the BTS Form 41 database is in the first quarter of 1998. If a 2-year period is chosen, then the Exit dummy will be equal to one for all quarters from 1996Q2 to 1998Q1 for Carnival. Estimating with the different period lengths (2/3/4/5) allows us to assess the robustness of the estimation results to the time periods chosen.
The estimation results with the time choice of 2, 4, and 5 years are reported in Table 7 (labeled Models 3-5). The maximum likelihood estimation fails to converge when a 3-year period is considered. In Models 3-5, the coefficients for the other variables remain consistent with the estimates in Models 1 and 2, with the highest log likelihood value occurring to Model 5. The coefficient for Acquisition is positive and highly significant across Models 3-5, suggesting that an airline which ends up being taken over by another bigger carrier tends to be less fuel efficient, all else equal. By contrast, fuel efficiency of airlines involved in mergers does not appear to be different from otherwise similar airlines that are not merging, given the insignificant Merger dummy coefficient in each model. This supports our hypothesis about the different driving forces for acquisition and merger. Unlike the big airlines for which a merger leads to strengthened position in the marketplace, avoiding unsustainable operations and the risk of bankruptcy may be the primary reason for a small carrier to seek a buyout. The story implied by the Exit dummy is less clear, as the estimate is significant with a 4/5-year duration but insignificant when a 2-year period is chosen. Nevertheless, all coefficients for the Exit dummy are positive, and smaller than the Acquisition dummy estimates, suggesting that airlines discontinuing operations also tend to be less fuel efficient, but to a smaller extent than those that are acquired.
To appear as a book chapter in Advances in Airline Economics, edited by Peoples, J. and Bitzan, J., Emerald Group Publishing, 2016. Number of observations 907 907 907 *** Significant at 1% level; ** Significant at 5% level; * Significant at 10% level.
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Summary
This chapter provides an overview of the state-of-the-art knowledge about airline fuel efficiency, covering different methodologies, perspectives, short-term dynamics and long-term trends of fuel To appear as a book chapter in Advances in Airline Economics, edited by Peoples, J. and Bitzan, J., Emerald Group Publishing, 2016.
25 efficiency in the U.S. domestic airline industry, and association of fuel efficiency with market behavior. We found that different methods resulted in rather consistent efficiency results, especially when the same choice of outputs is employed. Because of the limited operational scale of regional affiliates, jointly considering mainline airlines and their subsidiaries will not change the airline fuel efficiency much. Similarly, the judicious planning by airlines of passenger itineraries results in overall quite small routing circuity with the hub-and-spoke system, suggesting insignificant change in efficiency values when RPODM instead of RPM is considered as an output. The relative fuel efficiencies among the U.S. mainline airlines are stable in recent years. The long-term annual improvement over the past two decades is around 2% among U.S. legacy carriers, with faster pace of improvement in earlier years than in the recent past. Finally, our estimates suggest that airlines that were acquired tend to have lower efficiency. Similar but smaller effects occur for airlines which discontinued their operations.
